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Abstract

LiDAR sensors are a key modality for 3D perception, yet they are typically designed
independently of downstream tasks such as point cloud registration. Conventional reg-
istration operates on pre-acquired datasets with fixed LiDAR configurations, leading to
suboptimal data collection and significant computational overhead for sampling, noise
filtering, and parameter tuning. In this work, we propose an adaptive LiDAR sensing
framework that dynamically adjusts sensor parameters, jointly optimizing LiDAR ac-
quisition and registration hyperparameters. By integrating registration feedback into the
sensing loop, our approach optimally balances point density, noise, and sparsity, improv-
ing registration accuracy and efficiency. Evaluations in the CARLA simulation demon-
strate that our method outperforms fixed-parameter baselines while retaining generaliza-
tion abilities, highlighting the potential of adaptive LiDAR for autonomous perception
and robotic applications.

1 Introduction
Light Detection and Ranging (LiDAR) sensors have become an essential modality for 3D
scene perception [22] in applications such as autonomous navigation [14], robotics [25],
and mapping [5, 11, 24]. By emitting laser pulses and measuring their time-of-flight (ToF),
LiDAR systems [26] generate dense 3D point clouds that accurately capture environmen-
tal geometry. Despite their widespread adoption, LiDAR sensors are typically designed as
general-purpose data acquisition systems, with little to no adaptation to the specific per-
ception tasks they support. We posit this may lead to suboptimal data collection strategies
that can degrade the performance of downstream algorithms. One such task is point cloud
registration, which aims to align multiple point clouds into a shared coordinate system. It
serves as a key component in Simultaneous Localization and Mapping (SLAM) [13], object
tracking, and 3D reconstruction [20].

LiDAR sensing, much like camera-based imaging pipelines, involves a complex set of
parameters that influence data quality and subsequent algorithmic performance [21]. These
parameters, spanning categorical, discrete, and continuous variables, include pulse power,
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Figure 1: Variations in LiDAR scanning parameters and registration algorithm settings lead
to divergent registration quality, demonstrating the sensitivity of the pipeline to manual tun-
ing and the need for robust and adaptive end-to-end parameter optimization. Positive and
negative interactions among parameters are highlighted in red and blue respectively.

gain, beam divergence, and detector sensitivity [7]. Interactions between these factors are
highly nonlinear, and suboptimal configurations can lead to increased noise, reduced effec-
tive resolution, and systematic distortions such as multiple reflections or occlusions. For
instance, increasing laser power enhances signal-to-noise ratio (SNR) but can also introduce
saturation effects, particularly on high-reflectivity surfaces. Similarly, excessive gain set-
tings can amplify weak returns but at the cost of elevated background noise, which in turn
affects geometric feature extraction critical for registration algorithms such as Point-to-Plane
Iterative Closest Point (ICP) [17].

In parallel, point cloud registration algorithms are highly sensitive to parameter selection,
often requiring manual fine-tuning to adapt to different environments [29]. Feature-based
registration methods, such as Fast Point Feature Histograms (FPFH) [18], depend on well-
calibrated search radii and voxel sizes, which are not universal across datasets [3]. Indeed,
the effectiveness of global registration methods such as Fast Global Registration (FGR) [29]
and MAC [27] is contingent on selecting an optimal parameter set that aligns with both
LiDAR sensor characteristics and scene complexity.

In fig. 1, we illustrate the motivation for jointly optimizing LiDAR sensing and registra-
tion algorithm (ICP) parameters by showing how manual tuning impacts registration accu-
racy across three cases. Case 1, with high power and gain but a low noise threshold, produces
a dense yet noisy point cloud; combined with small max distance, radii, and max nn, this
results in poor normal estimation, weak correspondence rejection, and large errors. Case 2,
using low power and a high noise threshold, generates a sparse but clean point cloud; how-
ever, small radii, max nn, and large max distance permit spurious correspondences, leading
to noticeable registration drift. Case 3, with high power and a high noise threshold, yields a
clean, moderately dense point cloud; paired with larger radii, max nn, and conservative max
distance, it achieves the most accurate alignment. Together, these cases highlight that robust
registration requires context-aware, scene-specific parameter tuning, while poor configura-
tions lead to degraded alignment.

In this paper, we propose a joint optimization framework that integrates LiDAR acquisi-
tion parameter tuning with registration algorithm hyperparameter selection. Instead of treat-
ing LiDAR sensing and registration as independent processes as is typically done, our ap-
proach introduces an adaptive feedback mechanism wherein registration performance guides
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LiDAR parameter adjustments. This enables task-aware sensing, wherein LiDAR settings
such as pulse power, scanning pattern, and gain are adapted based on scene characteristics
and registration performance metrics.

We implement and evaluate our method using the CARLA simulation engine [4] and
the LiDAR simulation framework of Goudreault et al. [7]. We perform experiments on
synthetically-generated datasets mimicking real captures (with added gaussian noise to repli-
cate real world sensor noise), in three different kinds of environments: structured, semi-
structured, and unstructured. Our results demonstrate that joint optimization of LiDAR and
registration settings significantly enhances registration accuracy and robustness across di-
verse environments compared to default configurations, bringing up to 3� improvement in
important metrics such as registration recall. We also demonstrate the generalization ability
of our approach by showing how a set of parameters optimized on just a few scenes can gen-
eralize and improve performance on any similar scene (e.g., unstructured), even those taken
at a different location. These findings underscore the importance of adaptive LiDAR tuning
in enhancing point cloud registration for real-world applications.

2 Related work

2.1 LiDAR and registration hyperparameter optimization
LiDAR DSP involves multiple stages, including signal denoising, waveform processing, and
point cloud generation. Conventional approaches treat the LiDAR sensor as a static sys-
tem with fixed acquisition parameters. Several studies have explored the impact of tuning
sensor parameters such as pulse power, receiver gain, and detection threshold on LiDAR
performance. For instance, Goudreault et al. [7] introduced a hyperparameter optimiza-
tion framework for LiDAR DSP to improve sensing quality in adverse conditions. Their
approach demonstrated that adaptive parameter selection enhances point cloud quality, par-
ticularly in scenes with varying reflectivity. However, their work did not explicitly consider
the downstream task of point cloud registration, leaving an open question on how sensor-
level optimization impacts registration accuracy.

In another study, Selmer et al. [10] proposed a physics-based LiDAR simulation frame-
work that models sensor noise and material reflectance properties. While their model pro-
vides insights into LiDAR behavior under different settings, it remains computationally ex-
pensive for real-time applications. Other works [19] have explored machine learning-based
LiDAR denoising techniques, but these methods primarily focus on reducing noise rather
than optimizing the LiDAR parameters themselves.

A key limitation in current LiDAR DSP research is the lack of task-aware parameter tun-
ing. Existing methods optimize LiDAR parameters for generic data quality metrics, but do
not integrate feedback from downstream perception tasks, such as point cloud registration or
SLAM. This motivates the need for a closed-loop LiDAR parameter optimization framework
that dynamically adjusts sensor settings based on real-time registration performance.

2.2 Point cloud registration
Point cloud registration is a fundamental problem in 3D vision, with applications in map-
ping, localization, and scene reconstruction. Classical registration algorithms such as Itera-
tive Closest Point (ICP) [2] and Fast Global Registration (FGR) [29] require careful tuning
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Figure 2: LiDAR optimization framework for point cloud registration optimization. Tgt and
Test are ground-truth matrix and estimated transform respectively for point cloud registration.

of hyperparameters like voxel size, normal estimation radius, and correspondence rejection
thresholds. These parameters heavily influence registration accuracy, yet they are often se-
lected heuristically or manually tuned for specific datasets.

Recent works have attempted to automate hyperparameter selection for point cloud regis-
tration. Guo et al. [8] proposed an adaptive feature weighting scheme for improving registra-
tion robustness, while Zhou et al. [28] studied deep learning-based correspondence filtering
to reduce registration errors. However, these methods still assume static LiDAR data acquisi-
tion, neglecting the role of LiDAR sensing parameters in shaping point cloud characteristics.

Another line of research explores scene-dependent registration parameter tuning. For
example, Ao et al. [1] analyzed how point cloud registration methods perform under vary-
ing point cloud densities and noise levels, balancing accuracy, efficiency, and generalizabil-
ity. This aligns with our motivation to develop an adaptive LiDAR sensing and registration
framework, where sensor parameters are co-optimized alongside registration hyperparame-
ters.

3 Optimization framework
Our optimization framework jointly optimizes LiDAR and registration parameters through a
unified covariance matrix adaptation evolution strategy (CMA-ES) [9].

3.1 Optimization objective
Formally, we wish to obtain the best set of LiDAR Qlidar and registration Qreg parameters
such that performance at the registration task is maximized for a given dataset. We first
define the “LiDAR” function

O = flidar(P;S;Qlidar) ; (1)

which accepts as input a 6-DoF pose P (represented as a 4� 4 matrix) of the LiDAR in
a given scene S, and produces as output the corresponding point cloud O. Here, flidar is
parametrized by Qlidar.

We also define the “registration” function

T = freg(O1;O2;Qreg) ; (2)

which accepts two points clouds O1 and O2 as input, and returns the pose transform T s.t.
TO2 is aligned with O1. Similarly to eq. (1), freg is parametrized by Qreg.
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